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Abstract

Thispaperpresentsa novelapproach for model-basedreal-
time tracking of highly articulated structures such as hu-
mans. This approach is basedon an algorithm which ef-
�ciently propagates statistics of probability distributions
througha kinematicchain to obtainmaximuma posteriori
estimatesof the motionof the entire structure. This algo-
rithm yieldstheleastsquaressolutionin linear time(in the
numberof componentsof the model)and can also be ap-
plied to non-Gaussianstatisticsusinga simplebut power-
ful trick. Theresultingimplementationrunsin real-timeon
standard hardware withoutanypre-processingof thevideo
data and can thusoperate on live video. Resultsfrom ex-
perimentsperformedusing this systemare presentedand
discussed.

1. Intr oduction
Visual trackingof complex, highly articulatedstructuresis
an importanttechnologyfor several domains. In particu-
lar therehasbeenmuchinterestin trackinghumanmotion
[9]. Thereare many applicationsincluding taskssuchas
surveillance,motioncaptureandhuman-computerinterac-
tion. The problemaddressedby this paperis that of real-
time trackinganarticulatedstructurein theview of oneor
more cameras.The systemis model-based[16, 12, 7, 4]
andusesaCAD modelthatcomprisespiecewiserigid com-
ponentswith curved surfacesand known kinematic con-
straints.

Several taskssuch as human-computerinteractionre-
quire real-timeperformance.Attaining this is dif�cult and
therearerelatively few examplesof suchsystems.An ex-
ceptionis P�nder [17] which doesso by limiting its pro-
cessingto trackingcolouredblobsin theimageplane.Black
andJepson[1] alsouseanimage-basedapproachwith mul-
tiple eigenspacesto recognisehandgestures. Chamand
Rehg[3] suggestthatreal-timeperformanceis not possible
in threedimensionsandusea two-dimensionalscaledpris-
maticmodel.Hel-OrandWerman[8] useafully articulated

three-dimensionalmodelbutuseanO(N 3) algorithmtoob-
tainaleastsquaressolutionfor thepose.Herewepresentan
O(N ) algorithmwhich propagatesstatisticsof probability
distributionsalongthekinematicchainto obtainthemaxi-
muma posteriorisolutionfor theposein real-time.Where
thesestatisticsareGaussian,thesameleastsquaressolution
is obtained.Furtherthe algorithmcanbe adaptedto oper-
ate iteratively with robust (non-Gaussian)statistics.Dela-
marreand Faugeras[4] also usean O(N ) algorithm and
give timings which areessentiallyreal-time,but make use
of apowerful (but comparatively expensive)pre-processing
technique(Geodesicactive contours)which yields impres-
sive results.

In this work, we representthe poseof eachcomponent
of themodelseparatelyasanelementof thegroupof rigid
bodymotionsin threedimensions,SE(3). This is a redun-
dant representationand requiresthat the articulationcon-
straintsbeexplicitly represented,however it hastheadvan-
tagesthat it providesa symmetricrepresentationandis not
reliant uponaccuratelocalisationof somekey component
to identify theposeof the remainderof themodel. This is
by contrastto [13, 2] whichuseaminimalparameterisation
basedon a tree structure. We make useof the exponen-
tial map[2, 15] connectingthe Lie algebraof SE(3)with
the groupto representmotions,andusethe adjoint repre-
sentationof thegroupto transformquantitiesin thealgebra
betweendifferentcoordinateframes.

To obtainrobust real-timeperformancein the presence
of noisymeasurements,it is importantto useastrongstatis-
tical framework. MacCormickandBlake [14] usea re�ne-
mentof the Condensationalgorithm[11] which partitions
thesearchspacein orderto reducecomputationalcomplex-
ity. This wasextendedby Deutscheret. al. [5] who used
coupledmonte-carlotechniquesto track highly articulated
humanmotion althoughthe computationalcost was pro-
hibitive for real-timeapplication.ChamandRehg[3] also
usea particlebasedmethod,but capturethestructureof lo-
cal modesof theposteriordistribution in eachparticleand
thusneedfewerparticles.Theapproachemployedhereis to
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usean iterative re-weightedleast-squarestechniquewhich
allowstheuseof thefastO(N) algorithmwith non-Gaussian
statistics.

For applicationsthat deal with existing imagery, typi-
cally only a single view is available and several systems
have beendevelopedwhich can handlethis [3, 2, 13, 1].
The systemdescribedherecanalsooperateusinga single
view, althoughthe performanceis greatly improved when
moreviews areavailable. We useanedge-basedapproach
(as[7]). In our casethemodelis rendered�rst andmatch-
ing edgesarethensoughtin theimageratherthanprocess-
ing theimageto detectedges�rst andthenmatchingthose
to themodel.

Currently, we only attemptto solve themotionproblem
(whereis eachcomponentat eachtime step)by contrastto
[12] whousedatato re�ne themodelin additionto comput-
ing pose.

2. Geometric representation
2.1. Pose
The systempresentedhererepresentsthe poseof an artic-
ulatedstructurewith a matrix which describesthe trans-
formationfrom the coordinatesof eachmodelcomponent
to eachcamera. Thesematricesform the group of Eu-
clideantransformationson three-dimensionalspace,SE(3)
andhave theform:

E =
�

R t
000 1

�
(1)

whereR is anorthogonal3 � 3 matrix with determinant1
andt is anarbitrary3-vector. For convenience,thebottom
row of thesematrices(beingconstant)will be omittedfor
theremainderof thepaper. Theinternalcameraparameters
for eachcameraarealsostoredandthustheprojectionma-
trix for eachcomponentof themodelinto eachcameracan
becomputed.

2.2. Structur e
In orderto constructmodelsof structureswith curvedsur-
faces,a representationbasedon intersectionsof pairs of
quadricsis used. This is a convenient representationas
it permitsthe useof standardstructuressuchas truncated
cones,cylindersandspheresaswell astruncatedellipsoids
andhyperbolicsurfaces.

Thesestructurescanbe rapidly renderedby computing
the normalisedimageconic C for eachquadricQ in the
view of a normalisedcamerawith a Euclideanprojection
matrix E . Eachquadriccan be transformedinto camera
coordinatesto give

Q0 = E � T QE � 1 (2)
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Figure1: Q1 is thequadricto berenderedandis clippedby
the (in this casedegenerate)quadricQ2. Only the sample
pointson the conic imageof Q1 that correspondto points
insideQ2 arerendered(shown in bold).

If thetransformedquadricis writtenas

Q0 =
�

A b
bT c

�
(3)

thentheconiccanbecomputedas

C = Ac � bb T (4)

The conic C can then be renderedby mappinga unit
circle (parameterisedby � ) to C andgeneratinga seriesof
samplepoints(to beusedin tracking,seeSection3) from a
discretesetof � s. Theseareevenly separatedwith spacing
� p by setting� � = � p

dp=d� . Eachsamplepointgeneratedby
this procedureis thencheckedfor visibility (in front of the
camera,within theintersectingquadricandnotoccludedby
any otherpairof intersectedquadrics).

The articulatedstructuresconsideredin this paperare
constructedfrom theseprimitives.Thestructurescomprise
piecewise rigid componentsandeachcomponentis made
up of a numberof theseclippedquadrics.Thequadricsin
eachcomponentsharea commoncoordinateframeandare
all renderedusing the Euclideanprojectionmatrix for the
component.

Thekinematicchainis representedby specifyinga par-
entfor eachcomponentandlisting theconstraintsthatapply
betweenthetwo. Thesearedescribedin moredetailin Sec-
tion 4. Becausetwo componentsmaysharethesameparent,
thekinematicchainmayform a treestructure,however ar-
ticulatedcyclesarenotpermitted.

2.3. Motion

Thetaskof thissystemis to computetheEuclideanmatrices
E for eachcomponentinto eachcameraat eachtime step.



Thisproblemcanbereducedto computingaEuclideanmo-
tion matrixM suchthat

E t = E t � 1M t (5)

The matricesM give the transformationfrom the coordi-
nateframeof acomponentattimet to theframeattimet � 1
(coarsemanualinitialisation is given for the �rst frame).
Becausethe motion is representedin the coordinateframe
of themoving component,themotionmatricesarethesame
for all stationarycamerasviewing the sceneandthusonly
needto be computedonceper componentper time frame
regardlessof the numberof views. The matricesM can
be representedby points� in the Lie algebraof SE(3)by
meansof theexponentialmap[2].

M = exp

 
6X

i =1

� i Gi

!

(6)

whereGi areasetof generatormatriceswhichform abasis
for thealgebra.Becausethetime stepsaresmall(40msfor
PAL video), the motion matricesare closeto the identity
andthus� shouldbecloseto theorigin. Thetrackingtask
is thenreducedto a six dimensionalsearchfor � for each
componentateachtime frame.

It shouldbe notedthat if a componentcontainsjust a
singlequadric,it will appearin theimageasa singleconic
having just � ve degreesof freedom.Thustherewill be(in
general)a oneparameterfamily of solutionsfor � for this
componentconsideredin isolationandthiscanonly becon-
strainedby consideringthearticulationconstraints.

3. Statistical framework
Thestatisticalformulationusedin thisapproachde�nesthe
probability of observingan imagegiven a particularpose
of the model in termsof the presenceof edgesin the im-
age close to thoserenderedin the model. Theseedges
are detectedby performing a 1-dimensionalsearchfrom
eachsamplepoint in a direction normal to the rendered
edge. Thesemeasurementsareassumedindependentand
theprobabilityof the imagegivena poseis theproductof
theprobabilitiesof eachmeasurement.

3.1. Gaussianstatistics
If thesemeasurementswerenormally distributed then the
maximum a posteriori pose would be given by a least-
squaressolution. Sucha solution can be computedvery
ef�ciently from the Jacobianof partial derivativesof each
distancemeasurementwith respectto eachmotion param-
eter � i . If the distancemeasurementsaresmall, an accu-
rate approximationto the JacobianJ can be obtainedby
consideringthe edge-normalcomponentof the motion of
thesamplepointswith variationof � i which canbeeasily

Figure2: Noisyedgemeasurements.Thesolidbarindicates
failureto detectanedge.

computedin closedform. Thiscanbeusedto obtainamax-
imum a posterioriestimateof themotionparameters� for
eachcomponent

� = C � 1J T m where C = [J T J ] (7)

andm is the vectorof distancemeasurements.The sum-
squaredresidualmeasurementsS for a solution� is given
by

S = (� � � )C(� � � ) + jj (m � J � )jj 2: (8)

Thisgivesaprobabilitydistributionover theLie algebra
(with two arbitraryconstantsa andb) of theform

p(� ) = aexp(� b(� � � )C(� � � )) (9)

3.2. Non-Gaussianstatistics
In practice,themeasurementdistributionis foundtobenon-
Gaussianby virtueof containingmany moresamplesin the
tails of the distribution (seeFigure2). Suchdistributions
canbehandledwithin theleastsquaresframework by intro-
ducingare-weightingfunction[10]. This functionis evalu-
atedfor eachdistancemeasurementm in m andis usedto
scalem andthecorrespondingrow of J . If there-weighting
function is w(m), then the leastsquaresprocedureitera-
tively convergeson a solutiongivenby theprobabilitydis-
tribution

p(m) = exp
�

�
Z m

0
m0w(m0)dm0

�
(10)

This approachhastheadvantagethatdistributionsother
than Gaussiancan be modelled,convergenceis fast and
eachiterationrequiresjusta linearsolution.Therealpower
of this approachbecomesapparentwhencomplex systems
such as kinematic chains are consideredsince it is rel-
atively easyto propagate Gaussianstatisticsthrough the
chainand thesecan thenbe wrappedwith a re-weighting
functionto obtainaniterative solutionto thedesiredstatis-
tics. There-weightingfunctionusedin thiswork is w(m) =
1=(c + jmj). This resultsin a distribution thatbehavesasa
Gaussianfor m � c andaLaplacianfor m � c.



4. Highly articulated kinematic chains
Posestatisticsare now consideredfor kinematic chains.
Equation(9) givesindependentprobabilitydistributionsfor
the motion parametersfor eachcomponentof the model.
Themodelis notfreeto movearbitrarily, however, sincethe
articulationconstraintsmustberespected.This meansthat
thedesiredsolutionis onewhich maximisestheproductof
theprobabilitiesfor themotionof eachcomponentandalso
satis�es the constraints.This canbe computedef�ciently
(in linear time in thenumberof components)by propagat-
ing thestatisticsthroughthemodel. This is doneby using
theconstraintspresentbetweeneachadjacentpair of links
in thekinematicchainto obtainthemaximuma posteriori
motion for the entirechain. This motion will provide the
leastsquaressolutionfor thepose,subjectto thekinematic
constraints.

This is achieved in two stages,shown in Algorithm 1.
First thejoint distribution of eachcomponent's motionand
thatof its parentin thekinematicchainis considered.The
motion of the child componentcanbe marginalisedby al-
lowing it to take its modalvalueconditionaluponthemo-
tion of the parent. By doing this, the statisticsof the par-
entcomponentcanbemodi�ed to incorporatethoseof the
child. This processis repeatedup thekinematicchainuntil
thecomponentat thetopof thechaincarriesthepropagated
statisticsfor theentirechain.Second,themaximuma pos-
teriori poseof eachcomponentis assigned,startingat the
topof thechainandpropagatingbackdown thechain.

4.1. Propagatingstatistics
It has beenshown [6] that constraintscorrespondingto
slides,hingesandball joints canbe linearisedandareho-
mogeneouson the valuesof the motion parametersof the
two components� 1 and� 2 andthushave asimpleform:

D12� 1 + D21� 2 = 0: (11)

Within � 1 -� 2 spacethere is an embeddedmanifold of
motionswhich respectthephysicalarticulationconstraints.
Equation(11)correspondsto forcingthemotionto lie in the
tangentspaceto this manifoldat theorigin (throughwhich
themanifoldmustpass).For aball joint positionedatx; y; z
in thecoordinateframeof component1, theconstraintma-
trix D12 is:

D12 =

2

4
1 0 0 0 � z y
0 1 0 z 0 � x
0 0 1 � y x 0

3

5 (12)

Themotion� 2 is representedin component2's coordinate
framewhich is differentto thatof component1. If theseco-
ordinateframeswerethesamethenD 21 = � D12. Thusif
� 2 is transformedinto component1's coordinateframeus-
ing theadjointrepresentationof thetransformationbetween

Algorithm 1 Statisticalpropagationonakinematicchain
for i = 1� � � n � 1 do

Let p = i 'sparent
Marginalise� i andupdate� p andCp using(21), (22)

end for
assign� n = � n

for i = n � 1 � � � 1 do
assign� i using(19)

end for

thesecoordinateframestheconstraintin (11)becomes

D12� 1 � D12 Ad(E � 1
1 E2)� 2 = 0 (13)

(whereE1 andE2 aretheEuclideanprojectionmatricesof
components1 and2). Thus

D21 = � D12 Ad(E � 1
1 E2): (14)

Given � 2 it is possibleto obtainthevalueof � 1 which
satis�estheconstraints(11)andminimisesthesum-squared
residual(8). Thiscanbecomputedby introducingLagrange
multipliers� for theconstraintsandsolving

2C1(� 1 � � 1 ) + D T
12� = 0 (15)

giving � 1 = � 1 �
1
2

C � 1
1 D T

12� (16)

So D21� 2 + D12� 1 �
1
2

D12C � 1
1 D T

12� = 0 (17)

and � = 2
�
D12C � 1

1 D T
12

� � 1
(D21� 2 + D12� 1 ) (18)

� 1 = � 1 � C � 1
1 D T

12

�
D12C � 1

1 D T
12

� � 1
(D21� 2 + D12� 1 )

(19)

Thetotal sum-squarederrorfor components1 and2 canbe
writtenas

S1;2 = (� 1 � � 1 )C1(� 1 � � 1 ) + (� 2 � � 2 )C2(� 2 � � 2 )
(20)

(discardingtheconstantterms).By substitutingtheoptimal
valuefor � 1 from (19),S1;2 cancomputedasa functionof
� 2 . This givesnew valuesfor � 2 andC2 which take into
accounttheoptimalposeof component1.

� 0
2 = � 2 � C � 1

2 D T
21

�
D12C � 1

1 D T
12 + D21C � 1

2 D T
21

� � 1

(D12� 1 + D21� 2 )
(21)

C0
2 = C2 + D T

21

�
D12C � 1

1 D T
12

� � 1
D21 (22)

Thispropagatesthestatisticsof component1 throughthe
articulatedjoint into component2. Theprocesscanbe re-
peated,propagatingthenew statisticsfor component2 into
the next componentup the chainuntil the statisticsfor all
componentshavebeenpropagatedinto therootof thechain.



Figure3: Trackingthewoodenmannequinin asingleview. Solid linesrepresentfailureto �nd anedgeon thesearchpath

At thispoint,the�nal valueof � for therootof thechain
representsthe maximuma posteriorivalue for the motion
parameters� of this component,taking into accountthe
measurementsof the entirearticulatedstructure.Equation
(19) canthenbeusedto propagatethemaximuma posteri-
ori estimatefor the poseof the entirestructurebackdown
thekinematicchainso that themaximuma posterioripose
of theentirechainis obtained.

As mentionedpreviously, this entireprocessis wrapped
within a iterative re-weightingschemeso that the iterative
behaviourof thesystemis equivalentto propagatingthecor-
rectnon-Gaussianstatisticsalongthekinematicchain. Al-
thoughtheuseof non-Gaussianstatisticsresultsin an iter-
ative algorithm(with eachiterationinvolving executionof
Algorithm 1), this systemonly performsone iterationper
video frame. Wherethe motion is large, a singleiteration
is found to provide a suf�ciently good solution to permit
tracking to continueand where it is small, the algorithm
convergesvery rapidly.

4.2. Coercing the constraints
Becausethemanifoldcorrespondingto posesof themodel
which respectthe articulationconstraintis curved andthe
processoutlinedabove is only correctto �rst order, there-
sultantposewill containa quadraticerror which violates
the constraints. Thus at eachstage,it is necessaryto re-
move this errorandensurethat theconstraintsaremetex-
actly. Sincetheerror is very small,it is possibleto achieve
this very simply by runningdown thekinematicchainand
coercingtheconstraintin a non-symmetricmanner. This is
doneby computingthe logarithm of the matrix describing
the transformationbetweeneachpair of componentsand
projecting its coef�cients into the right null spaceof the
constraintmatrixD12.

Find a s.t. exp
� P

i ai Gi
�

= E � 1
2 E1 (23)

a0 = a � D T
12

�
D12D T

12

� � 1
D12 a (24)

The Euclideanprojectionmatrix E1 canthenbe rebuilt to
exactly satisfytheconstraintby

E1 = E2 � exp
� P

i a0
i Gi

�
(25)

5. Experimental Results

Two humanoidmodels have been used for experiments
trackinga woodenmannequinanda human. The models
aresimilarandbothhave18degreesof freedom.Themodel
of the mannequinis quite accurateand�ts well, while the
modelof thehumanis only approximate.

5.1. Mannequin

An experimentwasperformedto trackthemannequinin the
view of asinglecamera.Becauseof dif�culty in moving the
mannequinby handwithoutcausingcatastrophicocclusion,
aseriesof incrementalmovementswereperformedwith the
tracker turnedoff. After eachmovement,the tracker was
operatedfor approximatelya quarterof a second(about
6 frames)before the next movementwas made. Results
from this trackingsequenceareshown in Figure3. Thesin-
gle cameratrackingsystemrunsin real-timeat PAL video
framerate(25Hz).

5.2. Human

For thehumantrackingexperiment,views from threesyn-
chronisedcameraswere used. Single view tracking was
found to be muchlesseffective on this taskdueto a rela-
tively poor �t betweenthehumanandthemodel. Figure4
shows a numberof framesfrom a trackingsequencein this
experiment.

6. Summary and Conclusions

A novel methodfor fast trackingof highly complex artic-
ulatedstructureshasbeenpresented.The algorithm runs
in real-timeat 25 Hz for a singleview and10Hz for three
views. The maximumtolerablespeedof motion that this
algorithmcanhandleis limited however, particularlyin the
humancasedueto inaccuraciesin theCAD model. Future
work will considermethodsfor extendingtheframework to
computethestructuralparametersof themodel.



Figure4: Trackingahumanin threeconcurrentviews (camerasdistributedvertically).
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